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Introduction
The Himalayas contain protected wilderness areas and preserves with limited human perturbation that provide ecologically sensitive areas for differentiating between anthropogenic and climate impacts on biodiversity. Among the 34 major global biodiversity hotspots, 4 are located in the Himalayas (Mittermeier et al 2004) . In comparing species richness and endemism richness in Nepal, Vetaas and Grytnes (2002) found that while maximum species richness occurred at lower elevations (1500-2500 m) with more optimal growing conditions, endemism richness had a maximum peak around 4000 m, close to the rapid falloff in overall species occurrence because of harsh habitat conditions in elevations higher than 4000 m. The presence of an underpopulated upperelevation region may provide new habitat for species migration during global warming. Often, the relationship between species richness and elevational gradient in the central Himalayas is one of moisture (from the Asian monsoon) rather than purely one of energy availability (temperature and growing season length), especially below the treeline (Bhattarai et al 2004) . Monitoring of vegetation thus generally allows a fine-scale examination of both temperature and moisture climate components, and for the central Himalayas, it gives information on subtle variations within the Asian monsoon. As growth conditions in the upper Himalayan elevations improve, a higher total number of species, along with concomitant stress on endemics from increased competition, can be expected.
The global average surface temperature has increased by 0.85uC over the period 1880-2012 (Hewitson et al 2014) , but the recent rate has accelerated to +0.2uC per decade since 1975 (Hansen et al 2006) . High-elevation areas are particularly susceptible to climate variability (Kö rner 1998) and have been shown to have warmed more, and perhaps sooner, than the rest of the globe (Beniston et al 1997; Diaz and Bradley 1997; Gobiet et al 2014; IPCC 2014) . Limited studies found that the warming
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Mountain Research and Development (MRD) An international, peer-reviewed open access journal published by the International Mountain Society (IMS) www. mrd-journal.org in the Himalayas is 3 times greater than the global average (Liu and Chen 2000; DIIR 2009; Xu et al 2009) . Analysis of maximum surface temperature records from 49 stations in Nepal for the period 1971-1994 revealed a consistent increase after the mid-1970s, with a higher rate than the global average (Shrestha et al 1999) and an average warming in annual temperature between 1977 and 1994 of 0.06uC y 21 . Warming is more important in most of the middle mountain and Himalayan regions and has been found to be even more pronounced in the high altitudes of the Nepal Himalayas (Shrestha et al 1999) . It has also been found that the warming trend is still continuing (R 5 0.85) and that the rate of warming has never decreased between 1977 and 2000 (Shrestha and Aryal 2011) . However, no distinct long-term trends in precipitation have been observed, although precipitation in Nepal is found to be influenced by, or correlated to, several largescale teleconnections, including the El Niñ o-Southern Oscillation (Shrestha et al 2000) . According to projections made by the Intergovernmental Panel on Climate Change (IPCC), average annual mean warming of the Asian land mass, including the Himalayas, will increase about 3uC by 2050 and about 5uC by 2080-with much higher rates toward the Tibetan Plateau (Cruz et al 2007; IPCC 2007) . Similarly, average annual precipitation in this region will increase by 10 to 30% by 2080 (IPCC 2007) .
Because the phenology of plants is strongly driven by environmental factors such as temperature and precipitation, climate change has already altered the vegetative and reproductive phenology of many species at middle to high latitudes (Menzel and Fabian 1999; Menzel 2000; Parmesan and Yohe 2003; Menzel et al 2006; Morin et al 2010; Richardson et al 2013) . Such a trend is also reported for China (Fan et al 2009; Liang et al 2009) , central Asia (Kariyeva et al 2012) , the Tibetan Plateau (Yu et al 2010; Zhang et al 2011; Sun et al 2013) , and the Himalayas (Shrestha et al 2012; Gaire et al 2014) . There is evidence of the impacts of climate change on natural forest productivity, vegetation dynamics, and tree species distributions since the middle of the 20th century (Saxe et al 2001; Boisvenue and Running 2006; Fan et al 2009) , and the rate of increase in temperature predicted for the 21st century is likely to be unprecedented (Saxe et al 2001; Hewitson et al 2014) . These changes in climate have also altered the growing season, structure, and composition of forests (Walther et al 2002; Lindner et al 2010) . Shrestha et al (2012) analyzed annual and seasonal trends for temperature, rainfall, and normalized difference vegetation index (NDVI) data from the period 1982 to 2006 for 13 ecoregions of the Himalayas (Olson and Dinerstein 2002) and found that changes in temperature and precipitation were greater than predicted by the IPCC and that higher-elevation ecoregions were the most affected. Their results indicate that over a 25-year period, the Himalayas have warmed by 1.5uC and at an average rate of 0.06uC y
21
. The greatest increase, 1.75uC, was observed in winter (rate of 0.07uC y
) and the least increase, 0.75uC, was observed in summer (rate of 0.03uC y
). The average annual precipitation has increased by 163 mm over the same period (rate of 6.52 mm y 21 ), and the pattern is consistent in almost all ecoregions. This increase is more pronounced during the summer months (June to August). Shrestha et al (2012) also demonstrated that changes in the phenology of local ecosystems all across the Himalayas were well correlated with changes in climate. They found that both the average start of the growing season and the length of the growing season have advanced by 4.7 d or 0.19 d y 21 but that there have been no changes in the end of the growing season.
Phenological patterns are still poorly understood in the Himalayas because of the region's richness in species and the lack of historical data and ground references (Xu et al 2009) . Consequently, changes at the regional level remain to be documented. Understanding the response of Nepal's montane forest to short-term climate variability is critical to assess the overall ecological response to longterm changes. This research documents the impact of climate variability and change on forest stands that currently have minimal anthropogenic impacts because of either local community protection or remoteness. We classified land cover and selected forest types using satellite imagery, existing classification (Barnekow Lillesø et al 2005) , and field data collected during 2 expeditions to our study site. We used mean monthly surface air temperature, precipitation, and monthly averaged NDVI to compare relative vegetation productivity among forest types and in relation to both climatic variables. Because changes in temperature and precipitation are directly manifested as changes in phenology, we examined current vegetative responses to climate variability in an effort to determine which climate variable is most critical for different alpine forest types.
Material and methods
Study area and climate
The Manaslu Conservation Area (MCA) is located in central Nepal ( Figure 1A) . Created in 1998 under the National Parks and Wild Life Conservation Act, MCA is managed by the National Trust for Nature Conservation (NTNC) of Nepal. There has been little infrastructure development in this relatively inaccessible area. MCA lies between 28u209 to 28u459N and 84u299 to 85u119E and encompasses an area of 1663 km 2 . MCA is home to 15 peaks higher than 6000 masl, including the seventh highest peak of the world, Mt Manaslu (8136 m), and 5 lakes situated above 3000 m. MCA is the remotest area of the Gorkha district and is bordered by the Tibet Autonomous Region of China to the north and east, the remainder of the Gorkha district to the south, and the Manang and Lamjung districts to the west (Rana 2001) . The area covers 6 climatic zones, ranging from the lower 
, and 147 species of locally used plants (Gurung and Pyakurel 2006) . The climate of MCA is essentially dominated by the southeasterly monsoon, which provides most of the precipitation during the rainy summer months (June to September; Figure 2 ). The mean annual rainfall over the past 30 years was 967 mm at Chame (2680 m; Gaire et al 2014) and 1252 mm at Gorkha (1097 m). Gaire et al (2014) found that over the past 30 years, Chame Station experienced a decreasing trend in rainfall by 3.9 mm y 21 and an increasing trend in mean annual temperature by 0.017uC y
21
. In Chame, the monthly average temperature was found to be the highest in July and lowest in November, and monthly mean minimum temperature was decreasing while monthly mean maximum temperature was significantly increasing. In Gorkha, the average temperature ranges from 12.75uC in January to 26.30uC in August, and the region receives approximately 1574 mm of rain per year. The monthly mean maximum and minimum temperatures recorded at Gorkha Station during the study period were 31.16uC (August) and 6.38uC (January), respectively. June, July, and August are the hottest and wettest months ( Figure 2 ).
Conservation areas within Nepal are meant to protect local resources while allowing the persistence of traditional community livelihoods and resource management (All et al 2014) . There are 56 small villages within the MCA, and there is a historic pattern of cross-border trade with Tibet. The current economy depends on marginal agriculture, grazing, and botanical plant harvesting. An increase in transportation infrastructure will lead to an influx of both foreign tourists and Nepali workers to service the tourism industry. The environmental effects of such population increases and of increases in the intensity of land use are well documented in similar nearby protected areas, such as the Annapurna Conservation Area and Sagarmatha National Park. The present study documents the impacts of climate variability on relatively untouched forest stands while they still exist.
Land cover classification and forest area delineation
Land cover mapping is one of the earliest applications of remote sensing technology and is especially useful in remote or rugged regions where surface data may be limited (Cihlar 2000; Zomer et al 2001; Foody 2002; All 2014) . We used a 2009 Landsat 5 Thematic Mapper (TM) image for the land cover classification because it was the best, cloud-free image close to the date of our first ground expedition. An ArcInfo shape file with the MCA's boundaries was acquired from the International Centre for Integrated Mountain Development (ICIMOD), and all data were reprojected to Universal Transverse Mercator (UTM) WGS-84 Zone 45-N. The MCA was subset from the Landsat image for the classification analysis using the ICIMOD shape file. Initial spectral signatures for our supervised classification were taken from an unsupervised classified image created using an Iterative Self-Organizing Data Analysis Technique (ISODATA) algorithm. ISODATA uses the minimum spectral distance formula to form clusters. The algorithm is robust and has the advantage that the clusters generated are not biased to any particular location in the image. There were 7 land cover classes delineated during the unsupervised classification. During the supervised classification, generated signature files were used to classify the given image, and the accuracy of the supervised classified map was assessed through a correlation matrix.
Fieldwork was carried out in 2 expeditions. Ground reference data were collected in the field with a random, systematic sampling method using a global positioning system, compass, and inclinometer. An initial land cover classification for the MCA was created after a monthlong field data collection visit in December 2009. A total of 287 ground control points were collected, and 5 forest areas of interest (AOIs) were delineated using the land cover analysis. Our major criteria for selection during forest area delineation were based on the existing classification identified by Barnekow Lillesø et al (2005) , as well as on the results of extensive interviews with local residents and resources managers ( Figure 1B) . The data collected included latitude, longitude, UTM coordinates, altitude, slope, aspect, land cover type, and a description of the upper and middle canopy and the ground vegetation, with all species within a radius of 10 m identified to the genus level and recorded by a team of US and Nepali botanists. Disturbances such as grazing, erosion, limb cutting, timber harvest, and fire were also noted at each ground data location. Our preliminary results were validated during a second field visit in May-June 2010 ( Figure 3 ). Forest covers 197.82 km 2 in MCA, which is only 12.34% of the total land cover area (Table 1) . Alpine forest was represented in the study by a mixed BetulaAbies forest stand (A1 in Figures 1B, 3 ). This type of treeline forest is often called fir forest (Abies spectabilis). However, in the treeline region of MCA, there are more mature individuals of Betula utilis than A. spectabilis (Gaire et al 2014) . Generally, high-montane mixed forest in the central Himalayas has B. utilis as major component, followed by A. spectabilis and other species (Singh and Singh 1987) . Other forest patches were examined, including the Himalayan larch forest (Larix sp), representing deciduous subalpine habitat (A2 in Figures 1B, 3) , the evergreen temperate coniferous forest (blue pine-spruce forest) with dominant blue pine (Pinus wallichiana; A3 in Figures 1B, 3) , Quercus semecarpifolia forest representing temperate broadleaf forest or lower temperate oak forest (A4 in Figures 1B, 3) , and PiceaTsuga as lower temperate conifer or spruce forest, where Picea smithiana is dominant (A5 in Figures 1B, 3 ).
NDVI and climatic data analysis NDVI analysis has found wide application in vegetative studies and has been used for land cover classification (Loveland et al 1991; Brown et al 1993; Baidya et al 2009) , estimation of crop yields (Wang et al 2005; Xiao et al 2006) , and rangeland carrying capacities (Kawamura et al 2003; Piao et al 2007) . NDVI is often directly related to other ground parameters such as percentage of ground cover, photosynthetic activity of the plant, surface water, leaf area index, and amount of biomass (Tucker and Sellers 1986; Running and Nemani 1988; Dong et al 2003; Wijaya et al 2010) . Analysis of NDVI data helps in understanding the temporal trend of vegetation's biophysical character at different spatial scales. The National Oceanic and Atmospheric Administration advanced very high resolution radiometer, Terra, Aqua moderate resolution imaging spectroradiometer (MODIS), and Spot/Vegetation sensor data can also be used in vegetation trend analysis at different regional and local scales (Tucker et al 2001; Huete et al 2002; Chu et al 2007) . Soil moisture is widely recognized as a key parameter that links precipitation, temperature, and NDVI-thus allowing the linkage of vegetation and climate impacts .
The correlation of NDVI to precipitation and temperature has been shown by a number of previous studies in different parts of world, but there is a great deal of variability in the published results. Richard and Poccard (1998) analyzed the relationship between rainfall and NDVI in southern Africa, and their study shows that the strongest correlations occur when NDVI monthly (2012) found maximum significant correlations of the start of the growing season with average temperature and cumulative precipitation of 2 months before average start of the growing season dates. Similarly, maximum correlations were observed among the average end of the growing season date, the average temperature of 3 months before the end of the growing season, and the cumulative precipitation of one month before end of the growing season. Given the uncertainty in the literature and the variability depending on specific local environmental variables, we tested numerous temperature and precipitation time lags to determine the best correlation with NDVI. From the land use classified Landsat 5 TM image, comparable-sized AOIs for each forest stand were delineated (Figure 3) . NDVI data for each forest AOI were then acquired from MODIS 16-day maximum value composite (MVC) dataset from January 2000 to December 2008 and analyzed using ERDAS Imagine software. MODIS datasets are preprocessed to provide wellquantified and calibrated datasets of the earth surface, corrected for instrument radiometry, geometric distortions, atmospheric attenuation, and cloud effect (Justice et al 1998). An MVC dataset compiles images over a 16-day period and takes the clearest image for each pixel to remove most cloud and atmospheric effects. The MODIS images were reprojected to UTM WGS-84 Zone 45-N before subsetting. We used the classified Landsat 5 TM image to create a subset for each of the 5 forest AOIs. From the forest AOI subsets, the average 16-day NDVI for each forest stand was acquired and the monthly averaged NDVI from 2000 through 2008 was calculated and used for the NDVI trend analysis. These values measure the seasonal and temporal pattern of vegetation greenness, vigor, or productivity. The NDVI data were then used in a productivity analysis of the forest AOIs compared to climatic variables. Monthly surface air temperature (mean, maximum, and minimum) and precipitation data from 2000 to 2008 for the nearest weather station in Gorkha were purchased from the Nepali Department of Hydrology and Meteorology.
NDVI values of each month were statistically correlated with temperature and precipitation using Pearson's correlation. Correlation of NDVI with precipitation from the same month and with a 1-, 2-and 3-month lag were examined. Similar analysis was performed for each stand with temperature. Regression analyses were also performed between the best correlated climatic factors and NDVI.
Results and discussion
NDVI trend analysis
The trend and magnitude of the NDVI values for the vegetation classes were correlated with the spatial and temporal variability of precipitation. In Nepal, the months of September and October are normally the best growing period (transition monsoon to postmonsoon period; Figure 2 ), while April, May, and June are the driest months (premonsoon). We expected these trends to be reflected in our results.
Seasonal NDVI trend: Each forest type was analyzed individually using the NDVI data to examine seasonal patterns and look for overall changes in productivity during the study period ( Figure 4A ). As expected, the NDVI seasonal variation generally showed a peak during the summer monsoonal months of June, July, August, and September and a decrease in forest productivity from October to May. However, the evergreen Q. semecarpifolia (A4) and Picea-Tsuga (A5) forests had a less well-defined version of this pattern because of differences in their physiologies compared to the other species and the similarities in the microclimate of the locations where they thrive. P. smithiana (spruce) is a tall evergreen tree growing from 2300-to 2500-m elevation in open, dense, pure, and mixed forests with wide ecological amplitude. It is mainly a dry temperate species but can also be found in subalpine and moist temperate areas of Nepal (Nasrullah et al 2008) . Tsuga dumosa (Himalayan hemlock) is found in Nepal between 2100 and 3600 m. In the lower parts of its range it occurs in Q. semecarpifolia forest, and higher up it occurs as a constituent of P. wallichiana, Abies, and Picea forest. Q. semecarpifolia is a typical tree on south-facing slopes (Dobremez 1976; Singh and Singh 1987) , and it requires a high potential solar radiation (Vetaas 2000) . In central and eastern Nepal it tends to be confined to warmer, drier south-facing slopes. It is absent from the very high rainfall areas north of Pokhara and from the upper Arun and Tamar valleys. In the Humla-Jumla area it is dominant, with A. spectabilis and B. utilis, especially on south-facing slopes, above 3000 m. Betula-Abies, Larix, and P. wallichiana forests have their maximum NDVI during the summer rainy months. The Betula-Abies class has a distinct peak (A1 in Figure 4A ), revealing the high-altitude forests' response to the seasonal climatic cycle. The distinct seasonality of NDVI can also be related with the phenology and reflectance property of Betula-Abies forest in different seasons. B. utilis is dominant for this class (Gaire et al 2014) but is a deciduous tree. Consequently, this forest has lowest NDVI value during the leafless period, as well as the lowest mean NDVI value ( Figure 4B ). Though Larix forest is also deciduous, it is shown to have comparatively less dramatic seasonal fluctuations (A2 in Figure 4A ) because of the greater heterogeneity of the species. The Larix forest is a mixed type of forest that also includes evergreen species like P. wallichiana and A. spectabilis, which retain their chlorophyll and thus a higher NDVI even during the dry season. The P. wallichiana forest is an evergreen forest but shows a distinct seasonality in its NDVI values because of the stress of the alpine conditions during the cold, dry season (A3 in Figure 4A ). NDVI temporal trend: Among the 5 forest types studied, the maximum NDVI of only the Larix forest statistically increased from 2000 to 2008 (A2 in Figure 4C ). The other forest types did not show a significant trend of increasing or decreasing NDVI. Interestingly, no forest type showed a significant trend for minimum NDVI values. For established forests in MCA, this indicates that there is an overall stability despite changing climate parameters. Kawabata et al (2001) extracted the following distinct NDVI trend: in the northern mid-and high latitudes (eg Europe, Russia, and northern China), a distinct increase in the NDVI was found for both the annual average and the spring to autumn period. Our research supports this finding, albeit at a lesser magnitude. A recent study in Koshi Basin (central east Himalaya region) has also revealed a small increase in NDVI in the central Himalaya region .
Correlation analysis between climatic variables and NDVI
To better assess the impact of local climate variables on specific growth patterns, the monthly NDVI value of each forest type was statistically compared with mean monthly temperature and monthly total precipitation values using Pearson's correlation. Precipitation and temperature directly influence the local water balance, causing changes in the soil moisture regime that, in turn, influences plant growth. This is reflected in our results, because there is a strong correlation between climatic factors (precipitation and temperature) and NDVI among all forest types (Tables 2 and 3) .
A correlation analysis between NDVI and temperature of the current month and temperature of the preceding month were performed (Table 2) . NDVI values for BetulaAbies, Larix, and P. wallichiana forest had a higher correlation with the temperature of the preceding month than that of the same month. Picea-Tsuga forest and Quercus forest showed higher correlation with the temperature of the same month, but the correlation coefficients were weaker.
Most of the forest types exhibited fairly good correlation between NDVI and precipitation (Table 3) . Betula-Abies and Larix forests had the highest correlation between NDVI and sum of precipitation for the 2 months before the measured NDVI. P. wallichiana and Picea-Tsuga forest had the highest correlation with NDVI and sum of precipitation for 2 months beginning 3 months before the measured NDVI. Quercus forest NDVI revealed an odd relationship with precipitation. It showed a negative correlation with precipitation of the same month. Because of its specific autecology, this species is known to be more sensitive to variations in temperature than to precipitation (Vetaas 2000) .
Although our results underscored that both temperature and precipitation affect monthly NDVIs, they showed better correlations with temperature. Recent studies of tree rings in the Himalayan region have also shown that temperature strongly correlates with tree growth (Borgaonkar et al 2011) , but at treeline, broadleaved forest growth is primarily limited by moisture availability (Liang et al 2014) . The correlations also differ according to vegetation types (Zhang et al 2011; Shrestha et al 2012; Chuai et al 2013; Sun et al 2013) .
Regression analysis between NDVI and climatic variables
Using a regression analysis, the average monthly NDVI of Picea-Tsuga forest showed the best correlation with the temperature for that month, but more significant relationships were found when using a 1-month lag. The NDVI value of Betula-Abies (R 2 5 0.618), Larix (R 2 5 0.572), and P. wallichiana (R 2 5 0.578) forests showed the strongest correlation with the average temperature of the prior month-for example, February NDVI had the highest correlation with January temperature. The trend line of all of these forests showed an initial decline of NDVI with increasing temperature (possibly because of a decrease in soil moisture) followed by an increase as temperatures increase further and the growing season is lengthened. Temperature is a limiting factor for vegetation growth in this area; even at the highest temperatures measured during our study, there was still a major increase in NDVI.
The regression analysis also indicated that the monthly average NDVI of Betula-Abies (R 2 5 0.516) forest and Larix (R 2 5 0.572) forest showed the strongest relationship to rainfall with the month prior, based on a quadratic regression model. Betula-Abies and Larix forest NDVIs showed unimodal relationships with total rainfall of the month before the measured NDVI. NDVI values are at a maximum with 500-700 mm of cumulative rainfall during the 2 months before the measured NDVI (Gorkha Station, 1097 m). Regression scatter plots for 2 months of total precipitation versus third month average monthly NDVI had the highest correlation with P. wallichiana (R 2 5 0.572) forest based on a quadratic regression model-eg January and February precipitation versus March NDVI.
At higher rainfall levels, the NDVI saturated; in extreme cases, it even decreased. These results are consistent with the general effect of precipitation on high-altitude vegetation. Once a plant's limited water needs are met, excess rainfall either moves overland toward water bodies or remains near the plant, where it may cause extremely local flooding around the rhizosphere of the plant, which can limit the availability of soil nutrients and negatively affect plant growth and productivity. Two months of accumulated rainfall was found to be the best predictor of NDVI in 4 of the 5 forest types, because the lag in time allowed plant growth from the newly available water. The effects of precipitation patterns on plant growth are not always linear: the relationship depends on the amount of precipitation available and the specific biome (Fang et al 2005) . In the Himalayan region, precipitation is concentrated mostly during the Asian monsoon and winter precipitation is rare. Thus, water has to be collected in sufficient amounts in the rhizosphere before it can be adequately absorbed by trees. For most of central Asia, the NDVI response patterns show a temporal lag between precipitation anomalies and vegetation activity of 1-3 months (Gessner et al 2012) .
Quercus forests have opposite climate interactions compared to the other forest types. Monthly NDVI of the Quercus forest was strongly negatively correlated (R 2 5 0.527) to monthly precipitation of the same month. In addition, regression analysis showed a decreasing trend of NDVI with increasing temperature. This relation indicates that the Quercus forest has evolved into a specific ecological niche and does not respond favorably to climatic variability.
In some locations, it is precipitation that determines vegetative growth, and in other locations it is temperature-especially in the high mountain regions. But generally, the interaction of both temperature and precipitation determines vegetative growth. The relationship depends on the specific biome, amount of incident solar radiation, soil type, and topography (Brovkin 2002) . Tropospheric aerosols have also been found to be an important factor influencing vegetation growth in the Indian subcontinent (Sarkar and Kafatos 2004) . In MCA, we found both temperature and precipitation to be equally important drivers of growth for most of the vegetation types.
Overall comparison among different forest types NDVI is highly sensitive to both canopy foliar and understory chlorophyll content (Dawson et al 2003) and is a reflection of vegetative productivity. Natural systems with more water availability are generally more robust (All 2009). Our analysis revealed that Picea-Tsuga forest had the highest NDVI values among the forests studied. This forest type was followed by Quercus forest, Larix forest, P. wallichiana forest, and Betula-Abies forest. The difference in mean NDVI values was significant when comparing all forests except Larix and P. wallichiana forest ( Figure 4B ). The mean NDVI value for each of these was not significantly different, implying similarity in productivity, vegetation vigor, and health. The Betula-Abies forest class is the highest-altitude alpine forest. This is the ecotonal forest of treeline. The trees are dwarf and sparsely occurring; thus, this forest has the lowest productivity. Winter snow, very low temperature during winter, and low rainfall limit their productivity. The Larix and P. wallichiana forests are at lower elevations, represent the same physiography of the subalpine region, and have similar productivity. The life forms of P. wallichiana, Larix himalayica (dominant species), and A. spectabilis (associated species) are similar, and these trees grow to a comparable size during maturity. So overall, the NDVI of these 2 forests is similar. The Quercus forest we studied is the only broadleaved evergreen forest. The broad leaves of Quercus spp, Rhododendron spp, and Lyonia ovalifolia are diverse, so the Quercus forest is seen as one of the most productive forest ecosystems. The PiceaTsuga forest is the most productive forest type studied because of its favorable climate parameters and the large growth form of its trees. This forest was most vigorous in terms of both plant diameter and height. Most of the trees in this forest type exceeded a diameter at breast height of 1 m and were more than 30 m tall. Associated tree species like P. wallichiana, Rhus spp, Viburnum spp, and Acer spp, along with mosses and lichens covering the bark of every tree, contribute to the high measured productivity.
Conclusions
Our results underscore the observation that both precipitation and temperature affect NDVI values, even though more significant correlations were found with temperature data. This not only confirms the complexity of montane forest responses to climate variability but also indicates the need for site-specific climate adaptation strategies because of the heterogeneity of the responses. In addition, the time lag of climatic factors in this region is the most important factor in determining productivity. Betula-Abies, Larix, and Pinus forests had a greater correlation with the average temperature of the month preceding the NDVI measurement, while Picea-Tsuga and Quercus forests showed greater correlations with the temperature of the same month. These results clearly depict vegetation's strong response to temperatures and raise new study questions regarding the types of temperature changes that will have the greatest impacts as global warming increases. The dominance of anthropogenic land uses in MCA even after its creation in 1998 is worrisome, but the measured increases in vegetative productivity will offset some of the ecosystem losses until better resource management techniques can be implemented. Despite intensive use of forest resources by local people, there has not been a significant decrease in overall NDVI values for the MCA as a whole, so perhaps the local climate changes are effectively compensating for increased human use.
